Weak spectral response and low model accuracy problems occurred in the process of quantitative inversion of low organic matter content of desert soil in arid areas. This study collects soil samples and field spectral data from different human interference regions in Fukang City, Xinjiang, to search the soil hyperspectral response law that based on the fractional Sprott chaotic system, and combined with the gray system theory to estimate organic matter content rapidly and accurately. Simulation shows that for those sampling soil with lower organic matter content, the range of X and Y components of the dynamic error motion curve distribution of the Sprott chaotic system is larger, and the motion curve of the non-integer order 1.9-order dynamic error is the most obvious. Since the chaotic attractors will appear as a linear trend according to different contents of the organic matter, so this thesis establishes a gray prediction model based on the 1.9 fractional order chaotic attractors. The R 2 , RPD, and RMSE of the low organic matter content in the region without human interruption are 0.995, 14.86, and 0.17, respectively. The R 2 , RPD, and RMSE of low organic matter content in the region with human interruption are 0.992, 11.95, and 0.11, respectively. This study demonstrates that it is feasible to estimate the low organic matter content of desert soils in arid regions via the gray prediction model that based on fractional chaotic attractors. This study provides a novel method for soil spectra signal analysis and estimation of the organic matter content.
I. INTRODUCTION
Soil organic matter (SOM) refers to all carbon-containing organic matter in the soil [1] , [2] , which can provide nutrients that plants need. It is one of the important indicators for evaluating soil fertility and accurately grasps soil organic matter content, hence it is an important foundation for modern agricultural production management. The traditional soil laboratory chemical analysis method can accurately determine the contents of organic matter in soil, but the sampling process is easy to cause damage to the soil, also verification is time-consuming and the cost is high, thus it is not convenient The associate editor coordinating the review of this manuscript and approving it for publication was Khalid Aamir. for real-time and efficient determination of soil organic matter content [3] - [5] . In recent years, there is a certain spectral response relationship between hyperspectral remote sensing technology and soil organic matter content. Hyperspectral remote sensing technology equipped with high resolution, large information capacity, fast and non-destructive features, and it has gradually become an important means to obtain soil organic matter content [6] - [8] .
There are already scholars who have carried out plenty of work regarding the inversion of soil organic matter content by using hyperspectral techniques [9] - [13] , but most of the subjects that these studies research are soils with rather high or very high organic matter content. However, the desert soil in arid areas has less than 2% organic matter content VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ and low soil fertility. At present, there are very few reports that focus on the inversion of low organic matter content in desert soils of arid areas. Studies already indicated that factors including moisture, salinity and mineral composition have stronger influence on the absorption spectrum [14] , [15] .
In the process of quantitative inversion of soil organic matter, there are problems like weak soil spectral response, and lower model accuracy prediction. For example, Hou et al. [16] studied the desertification soil in the southeastern part of the Junggar Basin in Xinjiang, and compared the optimum prediction model for quantitative estimation of low organic matter content by adopting multivariate stepwise regression and partial least squares regression (PLSR). The study shows that the second order differential partial least squares regression model is the optimum estimation model, and its coefficient of determination is 0.76. Wang et al. [17] used the Ebinur Lake in Xinjiang as the research target, and introduced the fractional differential algorithm to pre-process the hyperspectral data. The simulation results show that the logarithmic transformation of the 1.6-order PLSR model is the optimum model. The coefficient of determination of the validation set is 0.825. The above studies show that hyperspectral technology has certain feasibility for the inversion of desert soil with low organic matter, but the soil spectral response is comparatively weak and the prediction model has comparatively low precision. Therefore, it is necessary to further explore ways to enhance the accuracy of the prediction model. Soil is a kind of mixture with very complex components, and the analysis of its components belongs to the gray analysis system. The gray system theory was founded by Professor Deng Julong in 1982. It is a new method to study the uncertain problems which have limited data and poor information [18] - [20] . The main research contents include gray relational analysis, gray clustering evaluation, gray prediction, gray target decision, and gray control. Gray correlation analysis compares the primary and secondary relationships among various factors of the system via calculating the gray correlation, enables elimination of the multi-collinearity problem in visible near-infrared spectroscopy effectively. In recent years, gray correlation has been applied on spectral analysis, which has better performance in identifying sensitive spectral indicators, filtering sensitive bands, and optimizing the inversion models. Wang et al. [21] collected the desert soil in Seder Boker, Israel, and calculated the gray correlation degree (GCD) of soil spectral indicators and organic matter content. The results show that the ridge regression (RR) model that based on standard normal variable reflectance (SNV) is the optimum model for the quantitative inversion of the organic matter content of desert soil, and the coefficient of determination of the validation set for sandy soil and clay loam are 0.866 and 0.863, respectively. Xiu-Liang et al. [22] took the leaf water content for winter wheat as the research object, and uses the gray correlation analysis to calculate the correlation of the water vegetation index (WVI) and leaf water content (LWC), and select the index which is sensitive to the leaf water content for winter wheat, to compare the stepwise regression-partial least squares (SR-PLS) method with the PLS method to estimate the accuracy of LWC. The results show that the coefficient of determination of LWC that based on PLS and SR-PLS models are 0.605 and 0.575, respectively during the entire cropping cycle of winter wheat. It can be seen that the applications of gray correlation in the field of spectroscopy are modeled by the PLSR method of integer order, without considering the information of the fractional order, hence resulting in low accuracy of the model. And as we know that the mathematical model that based on fractional calculus can better reveal the essence of the object, thereby enhance the researcher's design, representation and control abilities of the model. Wang et al. [23] used PLSR model based on fractional derivative to predict the SOM content in the Ebinur Lake, the order interval was 0.2, and results show the most robust predict model appeared in fractional order of 1.8. Hong et al. [24] collected the soil from Hubei Province, China, and put forward fractional order derivative to preprocess the hyperspectral reflectance data, and introduced the local modeling technique based on memory learning to estimate the accuracy of SOM, prediction accuracy was compared with partial least square and random forest. Results show that proposed method of 0.25 fractional order was the best model.
The above literatures did not reveal the nonlinear relationship between soil organic matter and soil hyperspectral. Nevertheless, chaotic systems are a unique form of motion of nonlinear systems, which can accurately describe the dynamic behavior of the actual system, and thus effectively identify the differences in input signals. Because the system model described by fractional order is more accurate than the integer order model. Therefore, the characteristic of fractional order chaotic systems make it a new and promising method for studying soils. At present, fractional order chaotic system has great application prospects in the areas of image processing, information encryption and secure communication [25] . For example, Jian et al. [26] proposed an innovative method combined fractional order chaotic system and extension theory to identify the chatter of machine tools. Compared with the traditional Fourier transform method, this method has advantages in establishing a real-time system, it can efficiently identify the boundary state from normal cutting to chattering cutting. Results indicate that chatter diagnosis rate can up to 93.5%. Yau et al. [27] presented a real-time power quality detection method, which combines fractional order Sprott chaos system and extension theory, it can monitor voltage swell, sag, interruption, and harmonics. Results show that the detection accuracy rate can reach 100%. But there are no research reports on the combination of fractional order chaotic system and gray system theory in the field of spectroscopy.
The fractional order chaotic system is an extension of the integer order chaotic system, which has chaos dynamics characteristics, as well as system order and historical memory characteristics. The gray prediction model based on the gray module can find out the law from a group of irregular data, and it does not need much data. Therefore, this thesis attempts to combine the fractional order Sprott chaotic system with the GM (1,1) gray prediction model, to analyze the relationship between desert soil spectrum and organic matter content in arid regions, and determine the best fractional order gray prediction model under the desert soil is under low organic matter content condition. The research seeks to offer a novel method for quantitative remote sensing estimation of low organic matter content in desert soils.
II. MATERIALS AND METHODS

A. SOIL SAMPLING
The test area of soil sampling is located downstream of the Fukang City 500 reservoir, Xinjiang. Fukang City is located at the northern foothill of the Tianshan and the southern edge of the Junggar Basin (87 • 44'-88 • 46'E, 43 • 29'-45 • 45'N). This experiment divides the research into two areas, A and B. Area A is an area with no human interruption. Since it is far away from human habitation and is not developed and utilized, the soil basically maintains its original ecological features. Area B is an area with human disturbance. It is located near the 102nd Regiment of Xinjiang Production and Construction Corps., facing frequent human interruption. Due to long term desertification, it is impossible to cultivate them. In recent years, most of the land has been released to forests and nursery fields. The soil collection time is from May 9 to 23, 2017. Five east-west sampling lines are arranged from south to north in Area A, with 600-800 meters width space between the lines. In Area B, six sampling lines are also arranged, with a spacing of 800-1000 meters between the lines. Select 5 representative sampling points on each sampling line, thus Area A has 25 sampling points in the area, while Area B has 30 sampling points, as shown in Figure 1 . Collects 0-10cm surface soil, takes about 1kg soil and put it in a sealed bag and mix well. Bring the collected soil samples back to the laboratory, naturally dry, break into pieces, remove the mixtures and refine. After successfully passing through a 1 mm width hole sieve, the soil was sent to the Xinjiang Institute of Ecology and Geography, for professional examiners to perform verification of soil organic matter content.
B. SPECTRAL DATA COLLECTION
The collection of soil hyperspectral adopts the American ASD Fieldspec3 spectrometer, which has a spectral range of 350-2500 nm, and the spectrometer sampling interval within the range 350-1000 nm is 1.3 nm and the spectral resolution is 3 nm. The spectrometer sampling interval within the range 1000-2500 nm is 2 nm and the spectral resolution is 10 nm. The resampling interval of the spectrometer is 1 nm, and the number of total output band is 2151. As for outdoor spectrum measurement, the requirements of weather are sunny, cloudless, and windless. Before performing measurement, a whiteboard is used for calibration. The 25-degree probe is adopted to collect the spectrum at a vertical angle with a distance of 15 cm from the object of the ground. In order to reduce the influence of the height of the sun on reflection rate, the measurement is performed from 10:00 to 15:00. During the testing process, in order to eliminate random noise, 5 test points were selected within 2 meters of each soil sampling point and the spectrum at each test point was repeatedly tested 10 times. The final spectral reflectance rate of the soil sample is obtained after calculation of the arithmetic mean of the 50 pieces measured soil spectral reflectance rate and then positioned via GPS.
C. SPECTRAL DATA PROCESSING
The edge bands at both ends of the spectrometer spectrum have larger instrument noise, so spectral data between 350-399 nm and 2401-2500 nm are eliminated. Since the moisture absorption band will affect the measurement of the field spectrum, the bands of the moisture absorption zone 1355-1410nm, 1820-1942 nm should also be removed. After deletion of the interference bands, the spectral reflectance rate of all sampling points is shown in Figure 2 . However, the spectral reflectance of Figure 2 has a phenomenon of being highly overlapped in spectral information, and this phenomenon makes it difficult to see the relationship between the organic matter content and the spectral reflectance directly. Therefore, we selected six raw spectral curves from the sample soil of both Area A and Area B, respectively. As shown in Figure 3 , six sample soils from Area A are A1-A6, and six sample soils from Area B are B1-B6. We can see that the waveforms of the six spectral curves are basically similar, but the reflectance of each spectral curve is different. As the organic matter content increases, the spectral reflectance rate decreases. This phenomenon is the same as previous research results [11] - [14] , that is, the higher the soil organic matter content, the lower the spectral reflectance.
D. FRACTIONAL ORDER SPROTT CHAOTIC SYSTEM
The chaos theory is a non-linear system theory. Any chaotic system will have a very large response to the output due to small input changes, and no matter what kind of chaotic system, all of them will generate motion trajectories due to input of signals, while chaotic motion trajectories will bypass a certain point in a way of ordered and cycle-free motion, so this point is named as a chaotic attractor. In a chaotic system, it can be divided into a combination of a master system (MS) and a slave system (SS), which are represented by equation (1) and equation (2), respectively:
whereẊ andẎ are the state vectors of the master-slave system, A is a N×M matrix, f(X) and f(Y) are non-linear vector matrices. In order to realize the change of the dynamic error of free tracking of the master-slave system, the dynamic error is used as the features basis of system discrimination. Hence makes the non-linear control U = 0, when the master-slave system receives a signal, after subtraction of the master-slave system, the value obtained is the dynamic error state of the master-slave system. Nowadays, there are many extended applications of the master-slave chaotic system [28] - [31] . In this thesis, the Sprott chaotic system is used as a signal analysis tool. When the parameters of the Sprott chaotic system α and β are 2, 1, respectively, the chaotic system can guarantee the generation of chaotic attractors. The Sprott chaotic dynamic equation is equation (3), and the master system and slave system of Sprott chaotic system are shown in equations (4) and (5) . 
According to the method proposed by Yau [32] , [33] , rewrite the Sprott master-slave chaotic system as Matrix format like equation (6):
According to reference [27] , e 1 can be ignored, and the dynamic error state of the chaotic system is rewritten as a second-order system such as equation (7):
In order to highlight the non-linear features of the masterslave chaotic system, this thesis uses the fractional differential theory [34] - [37] that proposed by Grünwald-Letnikov, and the fractional differential theory is combined with the Sprott chaotic system. The fractional approximation proposed by the Grünwald-Letnikov is shown as equation (8):
where, when p = 1, it is the slope of the general definition, and when the p-value discussed in the fractional order is between 0 and 1, e is the dynamic error, and m is any real number. The self-synchronizing dynamic error equation of the Sprott chaotic system can be rewritten as a fractional order as shown in equation (9):
E. GRAY PREDICTION MODEL
The gray theory was introduced in 1982. It is a system prediction method with uncertainty factors. The feature is that modeling can be performed with a small amount of data to reduce the prediction of the instruction cycle. Its application areas cover engineering, management and social sciences, etc., [38] - [40] . This thesis uses the GM (1,1) gray model that features with first-order differential and single input variable, which is a single-sequence first-order linear dynamic model. The definition of the differential equation is shown in equation (10):
where t is the independent variable of the system, e i is the superimposed operation value of the input signal, a is the development coefficient, b is the gray control variable, and a, b are both the parameters to be operated by the model. The detailed prediction steps are as follows.
Step 1: Set a set of input signals as the original signal, and equation (11) is the definition of the original signal e 
where, k = 1, 2, 3, · · · , N
Step 2: Generate a new sequence set e (1) i by superposition, which can be defined as equation (12):
where, L ∈ N Step 3: Discretize equation (10), shown in equation (13):
where, L ∈ N Step 4: Find Z (1) (L), which can be expressed as equation (14):
where, L ∈ N, α = 0.5
Step 5: Find a, b by the least square method, and is shown from equations (15) to (17):
Step 6: After obtaining the values of a, b, the predicted value can be calculated, which is shown in equation (18):
where, L ∈ N Step 7: inversely adds to produce a predicted value, as shown in equation (19):
F. VERIFICATION OF MODEL ACCURACY
Four parameters can be used for verification of model accuracy, that is coefficient of determination (R 2 ), root mean square error (RMSE), ratio of performance to deviation (RPD) and 1:1 line [41]- [43] . R 2 reflects the level of the estimated value demonstrates the changes in the measured value. When the value of R 2 is closer to 1, it means the model has higher stability level and higher fitting degree. The RMSE is used to check the conformity between the estimated value and the measured value. When RMSE is smaller, it means the prediction error of the model is smaller. When R 2 is larger, and RMSE is smaller, it stands for higher accuracy of the model. When RPD ≥ 2, it indicates that the GM (1,1) model has good predictive ability. When 1.4 < RPD < 2, the GM (1,1) it indicates that the model can have a rough estimate of the soil sample. When RPD ≤ 1.4, it indicates that the model cannot estimate the sample. The 1:1 line refers to the diagonal line formed by the points with the same distance from the x-axis and the y-axis. The accuracy of the model can be evaluated by the degree of the measured value and the estimated value deviate from the 1:1 line. The definition of R 2 can be expressed as equation (20): (20) where, residual sum of squares SS res and total sum of squares SS total is defined as equations (21) and (22):
RPD is defined as equation (23):
In equation (23), Standard Deviation (SD) can be defined as equation (24):
RMSE can be defined as equation (25):
III. SIMULATION AND DISCUSSION
A. FRACTIONAL SPROTT CHAOTIC SYSTEM DYNAMIC ERROR MOTION TRAJECTORY
In the fractional-order master-slave chaotic system, the dynamic error can be obtained by subtraction of the master-slave system, and the dynamic error changes its status appearance as the input status changes, as shown in Figure 4 and Figure 5 . Figure 4 is a distribution map showing a vibration signal transformed to dynamic error. We can easily distinguish the level of vibration statuses via the variation features of the dynamic error distribution. Therefore, this thesis adopts this method to analyze the spectral data, and further analyzes the spectral signals via the fractional Sprott master-slave chaotic system, and makes the chaotic system generate dynamic errors. Then judge the features of the spectral changes via these dynamic errors, to enable the signal analysis process be simpler and faster. The dynamic error distribution of the spectral signal is shown in Figure 5 .
In order to make the spectral reflectance rate of all sampled soils have more distinguishable features, this thesis uses the fractional Sprott chaotic system as the signal analysis tool. In order to clearly present the motion trajectories statuses that correspond to different organic matter contents, three soil samples including low, medium and high organic matter content were selected in Area A and Area B respectively, that is, A6 (9.92g/kg), A4 (11.53g/kg), A1 (17.18g/kg) were selected in Area A, while Area B area selected B1 (4.168g/kg), B4 (5.14g/kg), and B6 (7.807g/kg), and compares the differences in dynamic errors that are produced by different organic matter content in different fractional orders. Figure 6 is the motion trajectory diagram of the master-slave chaotic system of three sample soils in Area A. Figure 6 (a) to Figure 6 (g) is 0.3-order, 0.6-order, 0.9-order, 1-order, 1.3-order, 1.6-order and 1.9-order, respectively. Figure 7 is a motion trajectory diagram of the master-slave chaotic system of three sample soils in Area B. Figure 7 (a) to Figure 7 (g) is 0.3-order, 0.6-order, 0.9-order, 1-order, 1.3-order, 1.6-order, and 1.9-order respectively. According to the experimental results, when the organic matter content is low, the dynamic error distribution statuses of the X content and Y content distribution are larger, and with the increase in the organic matter content, the distribution range of the X and Y contents of the dynamic error distribution statuses will be getting smaller and smaller. And since the spectral signal is a curve line type, the dynamic error distribution generated by the master-slave chaotic system is nearly a straight line. When compared with other fractional orders, the dynamic error distribution of the non-integer order 1.9-order is more obvious, and the distribution status is not in a straight-line form. Therefore, this thesis defines the non-integer order of 1.9-order as the order with the largest dynamic error variation, and adopt it as the parameter of the subsequent fractional master-slave chaotic system and records the dynamic error relationship corresponding to the spectral status of the sample point and the organic matter content, as the reference data in the processing of subsequent signals.
B. FRACTIONAL SPROTT CHAOTIC SYSTEM ATTRACTOR
Since the chaotic motion trajectory is not convenient for the establishment of the gray prediction model, and the chaotic attractor is relatively easy to establish the gray prediction model, hence this thesis converts the non-integer order 1.9-order chaotic motion trajectory to a chaotic attractor, as shown in Figure 8 . We can see from Figure 8 that the 1.9-order chaotic attractor will show a linear trend due to the difference in organic content. For example, the A6 sampling soil from Area A is located at the upper left corner of Figure 8(a) , which is the sampling soil with the lowest organic content. While the distribution trend of chaotic attractors moves from the upper left to the lower right, and the organic matter content increases gradually. In comparison with the super-overlapping spectrum, the chaotic attractor distribution is more intuitive, and the coordinate position of the chaotic attractor is determined according to the spectral reflectance rate. Therefore, the transformation of the super-overlapping spectrum to the chaotic attractor pattern enables us to understand clearly the differences of the spectral reflectance rates between each sampled soil, and it is easier to intuitively identify the soil organic matter content. After generating the chaotic attractor distribution map, it can be seen from Figure 8 that the distribution of chaotic attractors is extremely linear, which enables the subsequent GM (1,1) gray prediction modeling to have better prediction accuracy.
C. ESTABLISHMENT OF GRAY PREDICTION MODEL ESTABLISHMENT
We can see from Figure 8 that the entire distribution of the chaotic attractor accords with the linear distribution trend, and the gray prediction theory has better performance for linear fitting prediction. Therefore, this thesis uses MATLAB 2019 to process the non-integer order 1.9-order chaotic attractor coordinates, and produce a gray theoretical prediction model according to the gray theoretical mathematical method that demonstrates in Section II, Part E. In this thesis, the firstorder differential, single-input GM (1,1) model is used for prediction. The prediction results are shown in Figure 9 . The red data is the predicted organic matter result in gray prediction, and the blue data is the practical measured value of the organic matter. The self-learning logic of the gray model of the Area A is A1, A2, A3, A4, A5, A6 in order, and the self-learning logic of the gray model of the Area B is B1, B2, B3, B4, B5, B6 in order. After the gray model completed learning, the values of R 2 , RPD and RMSE are calculated.
If these prediction indicators meet the expectations, that is, RPD is greater than 2, R 2 is close to 1, and RMSE is as small as possible. Then, perform the inverse accumulation operation to obtain two predicted values. The two predicted values in the Area A are 9.385 and 8.813, and the two predicted values in the Area B are 4.094 and 3.874. As we can see from Figure 9 , the predicted values of the first data points A1 and B1 of Area A and Area B are the same as the measured values, it is because the learning relationship of the gray prediction is actually the learning of A1 to A6 and B1 to B6, but predictions only started from A2 and B2, and the experimental results are in line with the definition of gray theory. It can be observed from Figure 9 that the trend of the prediction result is almost linear with the trend of the measured value, which further proves that when the distribution trend of the measured value becomes more linear, it will have more contribution to the fitting learning of the gray model and has better results in enhancing the accuracy of gray prediction. 
D. VERIFICATION OF THE ACCURACY OF GRAY PREDICTION MODEL
The verification of the model mainly considers estimating the stability and effect of the model. The modeling precision of GM (1, 1) is shown in Table 1 . The R 2 , RPD, and RMSE of Area A are 0.995, 14.86, and 0.17, respectively. The R 2 , RPD, and RMSE of the Area B are 0.992, 11.95, and 0.11, respectively. Both the RPD values of Area A and Area B are greater than 11, indicating that the organic matter inversion model based on gray prediction has good predictive ability. The RPD value of Area A is bigger than the value of Area B. Overall speaking, the modeling effect of unmanned interference area is better than the area with human interruption. The reason is that human disturbance seriously affects the skin surface of the soil, the water in the soil also loss seriously, and the loss of water directly affects the migration of salt, destroys the original distribution of salt and organic matter in the soil. Moreover, tillage, plowing and other farming methods turn the deep soil out to the surface, and making its distribution more complicated and difficult to predict, thus the model accuracy is lower than the unmanned interference area.
E. INVERSION OF ORGANIC MATTER CONTENT BASED ON GRAY PREDICTION
Use the data of Table 1 to verify the inversion models of Area A and Area B, to fit the predicted values to the measured values (see Figure 10 ). We can see from the figure that the fitting degree of the predicted value and the measured value of the soil organic matter inversion model that based on gray prediction is very high. The predicted value and the measured value are basically distributed on both sides of the 1:1 line, and the trend line formed in Area A is y=1.0012 * x+0.038438, and R 2 is 0.995. The trend line formed in Area B is y=0.99093 * x+0.047985, and R 2 is 0.992. It shows that the soil organic matter content inversion model based on gray prediction is effective and feasible.
IV. CONCLUSION
This thesis proposes the adoption of fractional-order Sprott chaotic system combined with gray prediction model for prediction. Through the substitution of spectral signals into different orders fractional master-slave chaotic systems, then compares and analyzes the chaotic results of different SOM content. The dynamic error generated by the master-slave chaotic system is extracted preferentially, and the dynamic error is transformed to the chaotic attractor type, for easier finding of the obvious status features, and use gray prediction to predict the organic matter content. The experimental results prove that the model adopted for prediction in this thesis is quite accurate. The R 2 of different human interference areas is greater than 0.9, and the RPD is greater than 11. The prediction model proposed in this paper has higher precision, and approximates the linear trend through the distribution of chaotic attractors, which optimizes the gray prediction modeling effect. In the future, it can be applied on different engineering areas such as power systems, and try to write algorithms into embedded chips directly as a breakthrough method for directly discriminating soil organic matter content through satellites. He is currently a Professor with the Department of Electrical Engineering, National Chin-Yi University of Technology, Taichung. He has authored more than 150 research articles on a wide variety of topics in mechanical and electrical engineering. His research interests include energy converter control, system control of mechatronics, nonlinear system analysis, and control.
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